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Abstract
I
Minnesota Priors framework. For this purpose we called the Bayesian econometrics to estimate a Structural Vector 
Autoregression model SVAR with Gibbs Sampling. The methodological framework called in this paper is proposed by 
experts from the Federal Reserve Bank of Minnesota and from here the name of Minnesota Prior where a priori were
introduced the hypothesis that endogenous variables follow different forms of a Markov first order autoregressive model,
namely a Random Walk or an AR model. Focusing here especially on consumption cycles and using the relations provided 
by the theory, I was intended in study the asymmetries between supply and demand shocks in the case of Romanian and 
Euro Area economies. A higher correlation of shocks between the two studied economies indicates a structural similarity. In
addition, for this purpose I involved several methods to ensure robustness checks in regard with the correlation of the two
types of structural shocks.
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Given the recent developments from the last two decades in regard with geo-political and economic options, 
Romania as other countries from Central and Eastern Europe which joined the European Union intend to adopt 
the euro currency in the short or mid run. This fact involve important changes on the role of national economic 
institution, namely the central bank lose its monetary and exchange rate policies. Therefore the attending to 
currency area is very challenging for national economies as those ones must show flexibility to adapt to 
different economic episodes and also to prove a high degree of homogeneity as compared with other economies 
from euro zone. In accordance with the two requirements mentioned before, the adoption of euro may pose, 
after case, costs and benefits to the national economies. Considering the framework of Optimal Currency Area, 
on which is based this analysis, underline that the costs of joining to Euro Area depends on the degree of cycles 
synchronization, i.e the higher the synchronization between the countries that intend to adopt the unique 
currency and the Euro Area the lower the costs of giving up the monetary policy. This paper, as the recent 
tendencies from academic and policy making fields, elaborate an assessment of costs, respectively the benefits 
resulted from attending the monetary union throughout the similarity of responses to macro shocks. For these 
purposes I called a Bayesian approach of Structural Vector Auto-Regression methods SVAR in order to trace 
out the impulse-response function and structural matrix. As compared with standard approaches of  SVAR 
models, from technical viewpoints the use of Bayesian econometrics has two main advantages: offers the 
possibility to incorporate a priori the own knowledge on the underlined debate and secondly the mode of 
computing error bands using percentiles provide a more accuracy measure of the uncertainty in regard with 
obtained impulse-response functions. As a methodological background, I based my analysis on Minnesota 
Prior Approach and the approach proposed by Bayoumi and Eichengreen, 1993. As compared with the 
Bayoumi and oach, in this paper I used a short-run identification scheme of the structural 
shocks from VAR model. Another important departure from the analysis of Bayoumi and Eichengreen and 
other studies conducted for Romanian case is that here I used the evolution of consumption and consumption 
prices. This aspect could be argued by the Backus-Kehoe-Kydland puzzle that underlines a lower degree of 
account the high share of consumption in the use of GDP, in this paper I used the evolution of consumption and 
its deflator as proxy for the business cycle analysis within an IS-LM-AD-AS theoretical framework. 
2. Methodology 
Modern Bayesian econometric tool of analysis gives the researcher the opportunity to incorporate its own 
knowledge about observed phenomena into the estimation process for different models of regression. More 
exactly, in the classical econometrics, the research conducts its analysis on the relation between two variables 
using the likelihood function in order to estimate the vector of coefficients and variance of error term. Instead 
the Bayesian econometrician call the Bayes Law from the probability theory and writes the posterior 
distribution, which in the case of a simple regression model , with  , takes the 
following form: 
 
(1)  
The above relation states that Bayesian econometrician updates its prior beliefs postulated under the form of 
probabilities distribution for coefficients  and variance of error term  (the first term from the right hand of 
equation) with the information on observed data provided by the likelihood function the second term. In order 
to infer the two sets of parameters, the researcher has to isolate the marginal distribution of  and  from the 
posterior distribution which in fact is a joint distribution: 
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(2)
The approximation of both the joint distribution and the two marginal distributions it is possible with the
help of Gibbs Sampling algorithm which is a numerical procedure that draws from conditional distribution. But
I will describe in detail this method particularizing on the case of multivariate models as VAR. Therefore in the
following lines I will define a bivariate unrestricted VAR with two lags in matrix form:
(3)
where coming from the variance-covaria and is the vector of explained
variables denoted by consumption prices (deflator) and real growth of consumption. Specialists from Federal
Reserve of Minnesota pioneered by Litterman, 1979 used the Bayesian framework to incorporate beliefs that 
explained variables are coming from different types of Markov first order autoregressive processes, namely a
Random Walk or an AR model from here the Minnesota prior approach. They used such an approach in 
forecasting macro variables considering a priori that  equals 0 and is a diagonal
matrix cu and equal 1. The mean of the Minnesota prior distribution for VAR model coefficients are
stored in a vectorized form of the two equations of the model: = , with
, where is the prior for covariance matrix. Instead, for the setting of the prior variance, the
researcher uses some special parameters, called hyperparameters, designed to control the dynamic of the VAR 
system throughout the standard deviation of the parameters. The Independent Normal Inverse Wishart prior 
method involves the separated setting of prior for and , such as and and
pick-up the limit of standard Minnesota approach. The Independent Normal Inverse Wishart prior formulates
the following hyperparameters to control how tight are manipulated the coefficients and covariance matrix of 
VAR model:
is used to control the degree of tightness for the prior on covariance matrix;
the coefficients of lag higher than 1;
represents the prior of the variance on constant variable.
Within this framework, as and , the related priors are shrunk to 0, while increase the prior on
the coefficients for lags higher than 1 tends to 0. As compared with standard Minnesota approach, the
Independent Normal Inverse Wishart prior method supposes that , which means that coefficients for the
lags of dependent variable and the other variables are treated similar (more exactly the standard Minnesota
approach uses to control the tightness related to variables less the dependent variable). In the case for VAR 
system of equations, the following steps are required to be done to implement the Gibbs sampling algorithm in
order to compute forecasts, impulse response analysis or variance decompositions. In the following lines I will
detail the steps of the Gibbs sampling procedure:
There are set priors for the VAR coefficients and variance according to multivariate Normal distribution 
, respectively to inverse Wishart distribution  . The starting value of 
1991 and considering the conditional posterior distribution for VAR coefficients
there are calculated parameters of :
33 Alex Alupoaiei /  Procedia Economics and Finance  3 ( 2012 )  30 – 39 
 
(4)  
 
(5)  
Once  and  are determinated, for the sampling of VAR coefficients is used the following procedure: 
 
(6)  
where  denotes the first draws and  mpled from normal distribution. 
 According to Hamilton, 1991 and considering the conditional posterior distribution for VAR variance 
 the scale parameter of  is calculated as following: 
 
(7)  
where  is the first draw from previous step and it was shaped as a  matrix. In order to 
draw the covariance matrix from , the first step consists in drawing a  matrix from the 
multivariate . Then the draw of covariance matrix from  is performed according to the 
formula:  
 The steps from 1 to 3 are iterated for S times after that are computed the empirical distribution of VAR 
coefficients and variance from the retained draws  and . 
2. Data and results 
In this paper I decided to use series related to consumption instead of GDP owing to some features of 
emerging countries. If we look at national statistics we can observe that consumption accounts for a much 
higher share from aggregate output in Romania as compared with Euro Area. Also during the time, the 
fluctuation of consumption share within output is higher for Romania. In this paper I used quarterly data on 
consumption Household and NPISH final consumption expenditure consumption deflator for 
Romania and Euro Area EA12- owing to a higher degree of homogeneity from an economic view point from 
the EUROSTAT database. The underlined series are expresses in terms of real quarterly growth rates, 
seasonally adjusted and adjusted with the number of working days. Since the current analysis is based on 
Bayesian methods, there is no concern related to the existence of unit roots in data. Therefore Minnesota 
approach, the occur of stochastic trends in data it is not longer a current concern since the underlined 
frameworks allows for random walks data. For this paper I used the following calibration scheme for hyper 
parameters: ,  and . These values are the upper bounds from a range of common levels 
of the hyperparameters that are used in this kind of applications. In this paper I used two models for Minnesota 
prior approach. In the first one the prior means of system parameters were set as following scenario:   and  
 equal 0.95, while the rest of parameters are priory set to around zero. A very important feature of this 
model is that I restricted to around zero the influence of lagged consumption on consumption deflator. This fact 
is mainly to ensure the feature of SRAS where the prices are fairly sticky to demand shocks. Also I estimated 
additionally another model without any restriction. For the Gibbs procedure I ran a number of 50,000 draws 
and the estimations are stored starting with the finish of the first 40,000 draws which is called the burn-in 
period in order to ensure the convergence to empirical distribution. 
34   Alex Alupoaiei /  Procedia Economics and Finance  3 ( 2012 )  30 – 39 
The VAR systems were put in companion matrix form to check for stability and if the roots were lower than 
1. Since the previous condition is fulfilled, I estimated the two models for Romania, respectively EA. The 
results for reduced form of bivariate SVAR systems are reported in Annex 1, where the values under 
parentheses denote the p- values. A very important remark about obtained levels of p-values is that owing to a 
very short sample data, to the presence of important jumps in growth rates data caused by boom and recession 
periods and to the fixed priors, the high p-values could indicate more uncertainty and not necessarily those 
coefficients have no power of predictability on endogenous variables.  These structural shocks were obtained 
recursively using a Choleski procedure that means our systems are exactly identified: 
 
(8)  
where ,  due to SRAS framework that I 
considered and  is the vector of structural shocks. The timing restriction was set according to SRAS 
framework in which demand shocks has no effects on short horizon of time on consumption deflator, while 
consumption expenditures is affected by both types of structural shocks.. In this paper I imposed the Bernanke 
and Mihov style of ordering variables within VAR systems of equations. The IRF were computed for each type 
of the estimated models. But the only differences of the IRF less the case of unrestricted model in which 
consumption deflator responds to demand shock appeared for the consumption response to supply shocks 
Annex 2. The error bands were computed from 16th and 84th percentiles. The median computed IRFs from the 
rolled draws show that instantaneous response of Romanian consumption expenditure to a two standard 
deviation of adverse supply shock is positive and above 1 %, while the response of EA consumption to the 
same shock is negative, much lower and is felt after a much longer time. This evidence, which is contrary to the 
SRAS framework and it is very important in terms of structural convergence performances for Romanian 
economy, can be attributed to several factors. In place of macro and technical facts, many authors put those 
kinds of evidences on the basis of micro stylised facts as habit preferences, retail credits, low rate of saving and 
also on eccentric shoppings. In a personal view, the reduced opportunities, especially in the case of young 
people, for buying real estate properties, and the easy way of liquidity on the other hand determined a high 
level of disposable income related to the prices of consumption goods, but insufficient in relation with the 
prices of properties. Thus, especially the young people fled to a high consumption that culminated with high 
trade deficits and low saving rates. But those observations must be tested closely involving also other specific 
analysis. But for a better view of the model's ability to capture the true relations within the economy, I 
performed forecasts on the basis of estimated models. The forecasts were performed for each model in an out-
of time manner for a horizon of 8 quarters that means no mechanism of learning was used to improve the 
models. The forecasts plots are reported in Annex 2. As we can observe the accuracy of forecasts is really high 
in the case EA variables and more than good for Romanian case. After the structural shocks were obtained, the 
next step consisted in analysing the correlation between shocks that affected the two economies. In fact this is a 
measure of structural convergence performance for Romanian economy. But how we can bring information 
about real correlation? This is a very important concern for researchers, because several studies showed that the 
most common used Pearson correlation coefficient is only informative in many circumstances. For these 
reasons I involved a few methods to estimate the correlation. In the first timeframe, considering rolling 
windows of 2 and 8 years size I estimated the Pearson correlation between Romanian and EA structural shocks 
Annex 2, the results are reported only for the unrestricted models and the results quite differed. For more 
confidence I estimated other two measures of correlation. Quarterly dynamic correlation obtained with a 
Diagonal VECH model revealed the demand shocks were negatively correlated up to December 2004 and after 
that passed in a positive territory and posed a positive tendency. Instead the correlation between supply socks 
recorded more pronounced fluctuation with a few negative swings. The highest values of correlation between 
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supply shocks were around 62% and were recorded in the second and third quarters of 2010.  I also estimated 
the tail dependence between structural shocks, conditioned by the occurrence of EA shocks. The obtained 
results underline that both the supply and demand shocks of Romanian economy are highly correlated with EA 
shocks only for lower quartiles, while for high quartiles is negatively correlated. In this work I estimated the 
periodogram for the four series of structural shocks Annex 2. We can observe a much larger magnitude of the 
cycles that affect Romanian structural shocks. Very important information provided by the periodogram is that 
high frequency cycles account for an important share in the Romanian supply shocks fluctuations that underline 
a relatively high instability in the movements that affect the purchasing power of consumers. 
3. Conclusions 
The current paper analyzes of structural convergence between Romanian economy and Euro Area 
throughout the symmetric of macro shocks that affects the two economies. As several recent studies underline 
the fact that huge capital inflows determined consumption booms and different types of bubbles in emerging 
countries, in this paper I considered a framework based on consumption and its deflator in place of the standard 
benchmark of analyses that uses GDP and its deflator. Estimation of Bayesian SVAR models with a Choleski 
identification scheme showed as a general conclusion that between Romanian and Euro Area still exist 
important asymmetries at a structural level even that mainly after 2005 the gap in terms of structural 
convergence has reduced a lot. Regarding the response of Romanian macro variables to structural shocks we 
can observe that magnitudes are much higher as compared with Euro Area, while the propagation time of shock 
is smaller. This evidence underlines the fact that Euro Area economy has sounder macro policies designed to 
ensure stability. In addition, the previous evidence is strength by the higher correlation of supply shocks in 
comparison with demand shocks as Diagonal VECH model estimates showed. Also the paper raises few issues 
that require further analysis, as the results from static correlation estimates are opposite to those indicated by 
Diagonal VECH model or the puzzle regarding the Romanian consumption response to supply shocks. 
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ANNEX 1 
1. Estimated parameters for Romanian bivariate SVAR without parameters restrictions: 
 
=  and the following contemporaneous 
relation with structural shocks after putting under a VMA form . 
2. Estimated parameters for Romanian bivariate SVAR with parameters restrictions: 
 
with the covariance ma  and the following contemporaneous 
relation with structural shocks after putting under a VMA form . 
3. Estimated parameters for EA bivariate SVAR without parameters restrictions: 
 
 and the following contemporaneous 
relation with structural shocks after putting under a VMA form . 
4. Estimated parameters for Romanian bivariate SVAR with parameters restrictions: 
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 and the following contemporaneous 
relation with structural shocks after putting under a VMA form . 
 
 
 
 
 
 
 
 
ANNEX 2 
Figure 1. Responses to supply and demand shocks of Romanian consumption deflator 
  
 
Figure 2. Responses to supply and demand shocks of Romanian consumption 
  
 
Figure 3. Responses to supply and demand shocks of EA consumption deflator 
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Figure 4. Responses to supply and demand shocks of Romanian consumption 
  
 
Figure 5. Forecasts for Romanian economy 
  
 
Figure 6. Forecasts for EA economy 
  
 
Figure 7. Rolling window of Pearson Correlation for Structural 
Shocks 
Figure 8. Dynamic correlation estimates with a Diagonal 
VECH Model 
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Figure 9. Estimates of quantile dependence measure Figure 10. Periodogram of identified structural shocks 
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